The capacity (state of charge/SoC) and voltage of lithium-ion batteries are of prime importance in electric vehicles, so their condition-monitoring techniques are extensively studied. This paper focuses on the application of the grey system theory to the parameters analyzing and predicting behavior during the discharge/charge cycles of the battery. Firstly, Grey Relation Analysis (GRA) is applied to study and analyze the relationship between capacity (SoC) and various influencing factors. Secondly, the Segment Grey Prediction Model is proposed in order to test and improve the accuracy of the capacity (SoC) prediction. Lastly, based on the aging data from the NASA Prognostics Data Repository, the effects of different Grey Theory Models, such as the GM(1,1), the Verhulst model and the Segment Grey Prediction Model, are investigated. The results show that: (1) the Grey Relation Analysis is efficient in figuring out the relationship between the capacity (SoC) and various influencing factors; (2) the Segment Grey Prediction Model is an effective mode of prediction for EV batteries, because its accuracy is more reliable than other two Grey Models; (3) the Segment Grey Prediction Model is suitable for predicting the capacity (SoC) of batteries under various loading conditions.
Introduction
Lithium-ion (Li-ion) batteries are widely accepted for electric vehicle (EV) applications with a high power density, no memory effect and a long lifetime [1] . Thus they are the key component in the determination of the overall cost and reliability of EVs and in the limiting of their market penetration. Their failure will lead to a reduction of performance, operational impairment and even to catastrophic accidents.
Therefore the problems relating to the state-of-charge (SoC) and capacity are a matter for particular concern [1, 2] for many researchers. Generally, SoC refers to the ratio of the residual capacity to the total capacity of a battery [2] and it is normally estimated via the Cell Open Circuit Voltage (OCV), the Coulomb Count, or a combination of both, with the help of the on-board Battery Management System (BMS). However, accurate estimates cannot be achieved in real applications due to the process of the battery cells aging. Capacity, in terms of the total Amp-hours available, can be easily estimated by integrating the discharge current over time, from full to empty. It would be useful for an accurate measure of SoC and capacity estimations and for the optimum control of the charging/discharging process. The prediction for, and so predictability of, the capacity and SoC of a lithium-ion battery is a significant issue regarding the reliability and efficiency of the application to an EV. A precise prediction method can, not only forecast the depth of discharge (DoD) of the battery and the state of capacity to fade, thereby ensuring that the batteries not be over-discharged, but also regulate the employment of an EV in terms of lengthening the mile range and enhancing the relative efficiency of the battery. There are several approaches and algorithms which have been proposed to estimate the SoC and Capacity, such as Open-Circuit Voltage (OCV) method, the Ampere-hour (Ah) counting method, the model-based method and the artificial intelligence method.
The widely used method of Open-Circuit Voltage (OCV) [3, 4] estimates the SoC via the internal relationship between the OCV and the SoC -even if the battery is aged or self-discharged. However, it is not perfect for EV online estimation due to the fact that it takes a long rest time to reach the battery's steady-state for measuring the OCV. The Ampere-hour (Ah) counting method [5] integrates the battery discharge current over time to calculate the depth of discharge (DoD), and then estimate the SoC. The Ah method needs nothing but the discharge current of the battery, so it is very easy to deploy in a Battery Management System (BMS). Nevertheless, this method suffers from an accumulation of error and noise due to the precision of the current sensor and it requires the initial SoC value to establish a starting point. Recently, researchers have also been working on Model-based estimation methods, among them the most famous method is the Kalman Filter (KF) [6] , which regard a battery as an Equivalent Circuit Model (ECM) so that it can then be described in different parameters. This method has high real-time and precise performance, but it is always strongly dependent upon the accuracy of the model parameters, which are not easy to acquire and are heavy on computations. Artificial intelligence methods, like Fuzzy-Logic [7, 8] , Artificial Neural Networks (ANNs) [9] and Support Vector Machines (SVMs) [10] have also been used for the estimation of SoC. These methods do not require a precise model of the battery. Consequently, they can be applied to estimate the SoC if they have been well-tested under many kinds of loading conditions. However, establishing the data under different battery working conditions for testing is not an easy task, it takes a lot of time to do the experiments. Moreover, all the artificial intelligence methods are Open-Loop estimation methods and they need to use the feedback mechanisms for further improvement.
To obtain a reliable prediction of battery states using a small number of measurement data, there were two primary issues to be solved: one was the analysis of relative variations between one major factor and all the other factors in capacity; and the other was that existing methods often required a large amount of data for testing or a precise battery model for making estimates.
To solve these two problems, the Grey System Theory was introduced. The Grey System was first developed in [11] to tackle uncertainty systems and soon garnered a wide-range of applications [12] .
Among various Grey Models, GM(1,1) models has recently drawn great attention owing to its computational efficiency. The Grey Systems Theory focuses on the study of problems from uncertain systems which provide small samples and poor information.
To work out the analysis of relative variations between one major factor and other factors in the capacity, a novel data-driven technique using the Grey System Theory is proposed in this paper.
This theory can be used to analyze the relative variations between one major factor and other factors in the capacity, and predict the capacity via a small number of capacity data samples.
In order to achieve the predictability of the state of the battery without a large amount of data or a precise battery model, we compared the accuracy of different Grey Models such as GM(1,1) with Verhulst on predicting battery voltage, and then proposed the segmented GM(1,1) method for improving the accuracy of prediction.
Method

Grey Systems Theory
The Grey Systems Theory was established by Deng in 1982. It is a new methodology that focuses on the study of problems involving small samples and poor information [13] . It deals with uncertain systems with only partially known information through the generating, excavating, and extracting of useful information from what is available. As a multiple-attribute decision-making tool that requires only limited knowledge and understanding of an unascertained system to solve problems, and one which makes good estimations or predictions, this emerging theory soon caught the attention of scholars and practitioners from various disciplines and scientific fields across the world [14] .
Grey Relational Analysis (GRA) method has been successfully used to solve a variety of multiple criteria decision-making problems, as in the case of making economic decisions, in planning for the restoration of power distribution systems, in the modeling and deployment of quality functions, in the detection of part defects in industry, etc. [15, 16] . GRA is a model for impact evaluation that can measure the correlation between series, and so belongs to the category of the data analysis method or the geometric method. Usually, researchers need to set the target series based on the objective of the studied problem as the reference series. Hence, the purpose of the Grey Relational Analysis method is to measure the relationship between the reference series and comparison series [14, 17] .
The GRA procedure consists of five steps as follows,
Step 1: Grey Relational Generating:
The reference factor sequence is defined as i x and the comparison factor sequence is defined as j y .
 
Step 2: Nil-dimension Processes:
There are many different ways to nil-dimension processes, such as normalization, the equalization method, the maxima method, the minimum method and so on. Here, the equalization method is proposed to deal with the problem.
Step 3: Grey Relational Coefficient Calculation:
The Grey Relational Coefficient is used to calculate the correlation between reference factors i x and compare factor j y in Eq. (5).
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In general, the distinguishing coefficient  used to adjust the difference of the relational coefficient [13, 18] , is usually  ∈ [0,1]. According to the sensitivity analysis by ref [19] , the suggested value of the distinguishing coefficient is 0.5, due to the moderate distinguishing effects and the good stability of outcomes; therefore,  =0.5 is adopted for further analysis.
Step 4: Grey Relational Grade: Step 5: Rank the factors:
In accordance with the value of Grey Relational Grade, the bigger the value 
GM（1, 1） Model
Grey Forecasting Model GM(1,1) is a time series forecasting model, which is the most frequently applied in various predictions for its simplicity. The GM(1,1) procedure is expressed as follows [11, 12] .
Step 1: The non-negative historical sequence is expressed as，
Step 2: When this sequence is subjected to the Accumulating Generation Operation (AGO), the following sequence
Step 3: The Whitening Grey Dynamic Model can be acquired by a first order differential equation
is a sequence of parameters that can be found as follows,
According to Eq. (12), the solution of the whitening differential equation is acquired,
To obtain the forecasting values of
, the Inverse Accumulated Generating Operation (IAGO) is used to establish the following Grey Model:
The Grey Verhulst model
The Grey Verhulst model is a special kind of Grey Forecasting Model. It can limit the whole development for a real system and used to describe some increasing processes, such as an S-curve.
The Grey Verhulst model [13, 20, 21] is
The definition of
are the same as in GM(1,1) model, which are defined as Eqs. (10), (11), (13), (15) .
Its whitening equation is
According to the least square estimation, the
Then, put these two parameters into Eq. (20) and make the initial value
, the time response function of Grey Verhulst model is 
The simulation value ) 0 ( X can be acquired from the Eq. (17).
Test Rig
The experiment data are from the NASA Battery Test Experiment data set [22] . A group of Lithium-ion batteries were aged by a process of repeated charge and discharge cycles using a battery test experiment rig as shown in Fig 
Battery Testing
In this paper, the capacity estimation process uses the life-cycle test data collected from 18650-size Gen 2 Lithium-ion cells [23] which come from the Advanced Technology Development (ATD)
program. The cell chemistries are summarized in Table 1 [24] . 
Data Preprocessing
Before we further analyze the data, some data preprocessing is needed. Here, every sampling point of the discharge capacities of the battery is calculated according to the formula of accumulation of the ampere-hours as shown in Eq. (23) .
is described as the k th sampling point of discharge capacity respectively; K is represented the adjustment coefficient, which employs different values for different batteries and different environments. The k t is described as the k th sampling point of time. The k I is described as the k th sampling point of the discharge current. The parameter of K can be acquired by the fitting curves with the experiment data of discharge current, capacity.
Internal resistance of battery is one of the most crucial parameters in determining the performance of a battery [25] . As shown in Fig.2 , the reduction of voltage is caused by the internal resistance, which creates an additional voltage drop at the beginning of the discharging process. Therefore, this phenomenon can be used for estimating the initial internal resistance of the battery. The internal resistance R0 is calculated by Eq. (24),
Where U 1 is the voltage taken at the beginning of the current charging, U 0 is the voltage before the discharging, I is the value of current discharging. 
Results and Discussion
The experiment of battery characteristics
In this section, we used various experimental data to evaluate the discharge characteristics of lithium-ion batteries [26, 27] . Our mission was first to understand the performance in discharge processes and battery aging, and then we can precede to the quantitative analysis of these processes by using Grey Relation Analysis in next section. Fig.3a shows the effect of discharge rate on the delivered electricity for those 18650 cells. At 44°C, the cell discharged 1.7864Ah at discharge rate of 1A, and the capacity decreases with the increasing discharge rate. For example, the electricity fell to 1.5301Ah when the discharge current up to 4A. At low temperatures (4°C), the effect of discharge electricity on the energy level became more significant. At a low discharge rate (1A), the cell was able to deliver 1.4663Ah, but it dropped to 0.086Ah as the discharge rate increased to 4A. Poor high discharge rate performance of the cell was due to a substantially increased internal resistance, which was attributed to the slow kinetics of the electrochemical reaction and to the tendency of the polarizations of concentration to increase rapidly.
To observe the effect of the temperature on discharge capacity, cells discharge voltage curves are plotted at different discharge rates and at three kinds of temperature in Fig.3a . It is shown that the maximum capacity is obtained at 44°C, and then it declined with the decrease of temperature, especially when the temperature was 4°C. Even at 24°C, the electricity suffers observable loss as the discharge rate increased to 4A. For example, the electricity decreased by about 40 percent as the current was increased from 2A to 4A. At the same time, the electricity became more sensitive to the discharge rate with a decrease of temperature. At 4°C, the cell almost failed to deliver electricity as the current remained at 4A; whereas it was able to deliver up to more than a half the electricity at the low discharge rate (1A). This phenomenon is due to the fact that the lithium ion diffuses slowly at low temperature, but that it diffuses faster with an increase of temperature. However, with this increase of temperature, the change range of discharge electricity becomes small -this is caused by the disorder of the ionic lead to the increasing internal resistance.
These experimental results indicate that the most ideal operating temperature for the optimized use of electricity and medium or low discharge rate is 44°C. At low temperatures, utilization of the electricity is dramatically decreased with an increase of the discharge rate. For use at different temperatures and for maximum use of electricity, the Lithium-ion cells will be more efficient in a situation needing a low discharge rate.
To demonstrate the cycle-life performances of the same batch of cell B0005 with 2A discharge rate at 24°C, typical discharging time against repetitive aging cycles are illustrated in Fig.3b . A decrease in cell capacity occurs within an accelerated cycle. In the application to electric vehicles, the battery-aging brings a significant degradation of its performance; on the one hand, the capacity loss shortens the maximum travel distance of the vehicle, on the other hand, the raising impedance reduces the maximum of acceleration. The reduction of discharge electricity is mainly caused by the loss of recyclable lithium ion and the internal material corrosion mechanism leads to an increase in the internal resistance -all of which are a permanent part of aging. However, the aging processes of Lithium-ion batteries are complex and strongly dependent on working conditions, so that it is still difficult to study the different mechanisms and moreover these mechanisms are cross-dependent and correlated.
The above experimental results showed that the change in SoC (which could be characterized by discharge electricity) is affected by various factors. To quantify how much each factor affects the change range of SoC, a systematic analysis of these factors is needed. However, because of the complicated non-linear relationship between the SoC and its contributing factors, it is difficult to establish a model by means of a traditional mathematical method. Moreover Grey Relation Analysis of Grey Theory has advantages such as that its highly non-linear method, its fault tolerance and robustness, is suitable for analyzing related non-linear factors. Therefore, the Grey Relation Analysis is proposed to determine the Grey Incidence Degrees of each factor with SoC. 
Grey Relation Analysis of Discharge Capacity
As mentioned and analyzed in the characteristics of lithium-ion batteries in last section, the discharge capacity or SoC of lithium-ion batteries is usually affected by the discharge rate, open-circuit voltage, ambient temperature and other factors [13, 28] . Here, the use of Grey Relation Analysis is proposed to analyze and measure the correlation between the above mentioned factors of Capacity and SoC, and to find out which one is the main factor, so to determine the impacts of different factors for SoC.
According to Section 2.2, a grey relation analysis model is built for analyzing the discharge experiment data of the lithium-ion battery. The experimental data for GRA were selected from a NASA battery test data set [22] . The different working conditions, which are distinguished by discharge current value and ambient temperature value, are detailed in table 2. The ambient temperature, the discharge current, the inception voltage and the internal resistance are defined as T, I, U 0 and R 0 , respectively. According to the GRA theory Step 1, firstly, the capacity values after discharging for 10 minutes was chosen as the reference sequence x 0 , the capacity values at cut off voltage 2.7V was defined as the reference sequence x 1 ; secondly, the ambient temperatures matrix y 1 , discharge current matrix y 2 , the inception voltage coefficient matrix y 3 and the internal resistance y 4 were defined as the comparative sequence. Using equation (1) ~ (6), the Grey Relational Coefficient and Grey Relational Grade can be acquired as shown in Table 3 and Table 4 . Here, the average Grey Relational Degree r is defined as
. The rank of impact factors is identified based on the r value, and then we can get the ranking of battery discharge factors as shown in Table 4 . From the Table 2 to the Table 4 we can know that:
1) The Grey Relational Grade ranking is acquired by ordering the value of average Grey Relational degree r . Discharge current has the most significant influence on the capacity/SoC ( ) which has less impact on the capacity/SoC than the internal resistance.
2) The discharge rate has a significant impact on electricity in the first 10 minutes of discharging,
, but it has no obvious influence on the whole process of discharging, 6761 . 0  r .
3) Comparing the Grey Relational Grade at discharge in 10 min with the whole process, the grade of discharge current was decreased very obviously. But the other factors' grades were increasedespecially the grade of inception voltage which improved to 0.82111. This indicates that the inception voltage is the main factor effect the electricity of the whole discharging process.
These results verify that the Grey Relation Analysis Model can calculate and quantify the impact of each factor which is related to capacity/SoC. It indicates that the GRA provides a new method of quantitative analysis for multiple factors affecting a battery's SoC. This research provides the basis for establishing a model for capacity/SoC estimation and for improving the estimation accuracy of a battery's SoC in the future.
The Experiment of Grey Prediction
Being able to predict accurately the parameters of change of the battery (such as terminal voltage, SoC, etc.) has been a key issue for researchers both in the past and at present [29, 30] . The experimental data for battery performance are highly nonlinear, as in the case of time-varying time series, so it is hard to fit a model to the parameters of battery use by using linear statistical models.
On the one hand, Grey Prediction Methods only require a small amount of data to predict the parameters of battery life, which is a key advantage over conventional statistical approaches. On the other hand, when the Grey Prediction Method is used for real-time systems, it can adapt its parameters to new conditions; so it is more robust with respect to noise and the prediction inaccuracies; due to cell-to-cell variations in terms of cell voltages, capacity, SoC, generally existing in conventional model-based methods, can be reduced greatly. Thus, the Grey Prediction
Method is proposed to study the prediction of voltages, the capacity/SoC problem, and find a solution. In this section, the performance of different Grey Prediction Models for predicting, such as the GM (1,1) , Verhulst model, are investigated. Then, based on their analyzed results, we put forward a Segment Grey Prediction Model to improve the accuracy of prediction. These results indicate that these Grey Prediction Models can be used in forecast the parameters of a battery in its discharging period, but these methods are difficult to ensure in terms of practicality and effectiveness -except in the case of early prediction (0~500 seconds). Therefore, a Segment Grey Prediction Model is proposed and studied.
The different Grey Prediction
Segment Grey Prediction is a piecemeal approach, which uses a fixed number of data (specified by the user) to divide a long string of data into small pieces as segments, and for each segment the first N data points (specified by the user, e.g. 4-10 or more) are selected and are then used to predict the following M data points (specified by the user, e.g. 1-15 or more), then N+M data points are the given segment. Anyone of the existing Grey Prediction Methods (GM(1,1), Verhulst and so on) can be used as the predict method for the segment grey prediction. The results indicate that the Segment Grey Prediction Method not only ensures a higher capacity prediction accuracy than the original GM(1,1) method and the Verhulst method, but also achieves a desirable precision of voltage prediction for different cycles. (25) Where MRE, The curve of the SoC has a strong analogy with the curve of the capacity under the same discharge rate, so that we can use the capacity curve as an example to demonstrate the predictability of SoC. We can see that the prediction accuracy can achieve an ideal forecasting effect. Therefore, we can know that the proposed Segment GM(1,1) Method has good versatility and the flexibility, not only against different operating conditions, but also for predicting the different battery parameters.
Segment Grey Prediction
Above all simulation results show that the segment GM(1,1) method has a higher performance compared with the original GM(1,1) method and the Verhulst method, which not only fits the model well, but also has an accurate forecasting performance. Some cases studies based on NASA battery test data are presented to demonstrate the effectiveness and robustness of this segment approach. If the Segment Grey Prediction Method was used for different discharging conditions, the values of N and M should be modified appropriately, and it's better to combines the particular Grey Prediction
Method (such as GM(1,1), Verhulst model, etc.) for the best precision performance.
The aim of this paper was to investigate the effectiveness of the Grey System Theory to be applied to the prediction of the parameters of battery performance in relation to their charge/discharge cycles. Various comparative factors are abstracted in order to analyze the GRA of the discharge capacity, such as, ambient temperatures, the discharge rate, the inception voltage and the internal resistance. Various Grey Models including GM(1,1) and Verhulst are adopted for use in the capacity and voltage prediction. In order to improve the accuracy of prediction, the segment Grey Prediction
Method is implemented.
The results have shown that: (1) based on Grey Relation Analysis, the relationship between discharge electricity and influencing factors is studied; (2) the Segment Grey Prediction Method is considered to be better in model fitting and forecasting for capacity estimation than the traditional Grey Theory Method.
